This paper presents some two-step estimators for a wide range of parametric panel data models with censored endogenous variables and sample selection bias. Our approach is to derive estimates of the unobserved heterogeneity responsible for the endogeneity/selection bias to include as additional explanatory variables in the primary equation. These are obtained through a decomposition of the reduced form residuals. The panel nature of the data allows adjustment, and testing, for two forms of endogeneity and/or sample selection bias. Furthermore, it incorporates roles for dynamics and state dependence in the reduced form. Finally, we provide an empirical illustration which features our procedure and highlights the ability to test several of the underlying assumptions.
Introduction
Despite the frequent use of panel data in empirical work there are few suitable estimators for panel data models with sample selection, truncation and limited dependent variables. While maximum likelihood can, under appropriate distributional assumptions, provide consistent estimators, its empirical use is hampered by computational complexities such as local maxima and multidimensional integrals. This paper proposes some two-step estimators, for a range of parametric panel data models, which avoid these problems. The models comprise a primary equation with an endogeneous explanatory variable, or selection bias, and a reduced form for the endogenous explanator or selection process. Following Heckman (1979) , we argue that endogeneity and sample selection bias result from the failure to account for unobserved heterogeneity in the primary equation. We derive estimates of this heterogeneity from the reduced form residuals, to include as additional explanatory variables.
We examine two classes of models. The first is characterized by a primary equation with an uncensored dependent variable and an endogenous censored explanator. This case includes the sample selection model. Given estimates of the reduced form parameters, the primary equation parameters can be estimated by ordinary least squares, based upon a conditional expectation, and we refer to this as conditional moment estimation. The second class features a primary equation with a censored dependent variable and an uncensored endogenous explanatory variable. As the primary equation is estimated by maximum likelihood, where the likelihood function corresponds to the conditional density given the endogenous explanatory variable, we assign it an interpretation of conditional maximum likelihood (Smith and Blundell, 1986) .
Many panel data estimators assume that the endogeneity or selection bias is due to time-invariant individual effects (see, for example, Hausman and Taylor, 1981; Amemiya and MaCurdy, 1986; Honore´, 1992 , Honore´, 1993 . We, however, also incorporate endogeneity/selectivity through an individual time specific component. This extends cross-sectional estimators (see, for example, Heckman, 1978 , Heckman, 1979 Smith and Blundell, 1986; Rivers and Vuong, 1988; Vella, 1993) by separating the individual effects from these individual specific/time effects. We also capture state dependence in the process generating the endogeneity/selection bias. Our approach also encompasses existing panel data procedures for sample selection and attrition bias (see, for example, Ridder, 1990; Nijman and Verbeek, 1992) . Two-step procedures are generally inefficient (see, for example, Newey, 1987 ) and thus the attraction of our approach, in contrast to maximum likelihood, is its relative computational ease. In some instances, however, our two-step estimator is asymptotically efficient within a limited information framework (LIML). Our method provides initial consistent estimators for a LIML A recent exception is Kyriazidou (1997) who provides a semi-parametric estimator for the panel data sample selection model in which the selection bias also operates through time-varying effects.
approach so that asymptotically efficient estimators can be obtained in one iteration.
The following two sections consider conditional moment and conditional maximum likelihood estimation, respectively. Section 4 presents an empirical example, featuring the wage-hours relationship, which illustrates a non-conventional form of sample selection bias where the endogenous explanatory variable, which is also the basis of the selection rule, enters the conditional mean nonlinearly. This empirical example illustrates our procedure and highlights how many of our assumptions can be tested. Concluding comments are contained in Section 5.
Conditional moment estimation
Consider the following model where the parameters of Eq. (1) are of primary focus while Eq. (2) is the reduced form for the explanatory variable which is endogenous and/or the basis of the selection rule. The censoring and selection rules are in Eqs. (3) and (4):
where i indexes individuals (i"1, 2 , N) and t indexes time (t"1, 2 ,¹); yH GR and zH GR are latent endogenous variables with observed counterparts y GR and z GR ; m and m denote general functions characterized by the unknown parameters in and , respectively. This allows a non-linear relationship between z GR and yH GR . The mapping from the latent to the observed form is through the censoring functions h and g R noting that the former may depend on the unknown parameter vector . The function g R indicates that y GR is only observed for certain values of z G , 2 , z G2 . This includes sample selection where y GR is only observed if, for example, z GR "1 or, alternatively in the balanced subsample case, if z G "2"z G2 "1. The equations' errors comprise random individual effects, G and G , and random individual specific time effects, GR and v GR , which are assumed to be A potentially computationally attractive alternative is simulate maximum likelihood, in which the integrals in the log-likelihood function are replaced by simulators (see Gourieroux and Monfort, 1993) . Nevertheless, the use of consistent starting values reduces computational costs substantially. independent across individuals. Denote
where ı is a ¹ vector of ones; uN G "¹\ 2 R u GR ; and and are unknown constants. Eq. (5) imposes normality and a strict error components structure on the reduced form and excludes any form of autocorrelation in v GR . Eq. (6) allows for heteroskedasticity and autocorrelation in GR but imposes the strict exogeneity of x GR . The model features a potential role for state dependence in the reduced form. This ensures that the error components do not incorrectly capture the dynamics which should be attributed to lagged dependent variables. Unfortunately, we are unable to incorporate dynamics operating through the lagged dependent variable in the primary equation. To estimate this model we first consider condition (1) on the ¹ vector of outcomes,
If m does not depend on z GR\ , and sample selection only depends on the current z GR , it is possible to condition upon z GR only, rather than z G , and base estimators on the corresponding conditional moments (see Wooldridge, 1995) . In this case z G drops from the conditioning set. Eq. (6) implies that the conditional expectation of GR in Eq. (7) is a linear function of the conditional expectation of u GR . To derive this latter expectation we use:
where
and G is the cross-sectional generalized residual (see Gourieroux et al., 1987) from Eq. (2) as, conditional on G , the errors from Eq. (2) are independent across observations. The conditional distribution of G can be derived using the result Arellano et al. (1997) present an estimator that allows for the lagged latent dependent variables to enter both equations linearly. This approach is restricted to models with tobit types of censoring.
We use f (.) as generic notation for any density/mass function.
where we have used that G is independent of X G and
is the likelihood contribution of individual i in Eq. (2). Finally,
) has the form of the likelihood contribution in the cross-sectional case.
If we assume that f (z G " X G , G ) does not depend upon G and any of the other error components, z G is strictly exogenous and
. Thus we can condition upon z G in Eqs. (10) and (11) and obtain valid inferences neglecting its distribution. In general, however, we require an expression for the distribution of the initial value conditional on the exogenous variables and G . For most applications, the only practical solution will be a methodology, suggested by Heckman (1981) for the random effects probit model, in which the reduced form for z G is approximated using all pre-sample information on the exogenous variables. Apart from its dependence upon the unobserved component G , the specification of f (z G "X G , G ) can be tested separately from the rest of the model (see Labeaga, 1996) .
The unknown parameters in Eq. (2) can be estimated consistently by maximum likelihood under the usual regularity conditions. With these values we can estimate Eq. (8), which requires an expression for the likelihood contribution in an i.i.d. context, the corresponding generalized residual, and the numerical evaluation of two one-dimensional integrals. The estimate of Eq. (8) and its average over time provide two additional terms to be included in the primary equation, with coefficients and . These parameters can be estimated jointly with in the second step from conditional moment restrictions such as least squares based on Eq. (7). Under the null hypothesis of no endogeneity " "0 standard errors can be computed in the usual way. Consequently, the standard Wald test of the significance of the additional terms is an endogeneity test. In general, standard errors should be adjusted for heteroskedasticity, autocorrelation, and for the estimation of the correction terms. This is discussed in Appendix A. In the sample selection model the second step is estimated using the subsample based upon g R (z G )"1 and the t-statistics on the correction terms provide tests for sample selection bias.
Evaluation of these integrals is straightforward using, for example, results from Butler and Moffitt (1982) .
The model, in theory, can be estimated by maximum likelihood if we complement Eqs. (5) and (6) with additional distributional assumptions. If all error components are assumed to be homoskedastic and jointly normal, excluding autocorrelation in the time-varying components, it follows that Eq. (6) holds with " ET / E and "¹( I?
), where ET and I? denote the covariances between the corresponding terms. This shows that is non-zero even when the individual effects G and G are uncorrelated. In contrast, the two-step approach readily allows for heteroskedasticity and autocorrelation in the primary equation. Moreover, the assumption in Eq. (6) can easily be relaxed to, for example,
By altering Eq. (6) our approach can be extended to multiple endogenous regressors or sample selection rules. With two endogenous variables, z GR and z GR , say, with reduced form errors u GR and u GR , respectively, Eq. (6) is replaced by
Computation of the generalized residuals, however, now requires the evaluation of E+u HGR
Unless z G and z G are independent, conditional upon X G , the required expressions are different from those obtained from Eqs. (8) and (9) and generally involve multi-dimensional numerical integration.
Many of the above assumptions can be tested empirically. While relaxing normality in the reduced form is computationally difficult, except in special cases for the h function, it is possible to test for departures from normality. It is also possible to test for serial correlation and heteroskedasticity using conditional moment tests. Also, we assume that the variables in X G are strictly exogenous. This assumption excludes lagged dependent variables in the primary equation as well as feedback from lagged values of y to current x's. If components of X G are not strictly exogenous they should be included in z and excluded from the reduced form. The conditional moment restriction given in Eq. (7) would typically then be changed to
for a vectorial instrument function , depending upon the functional form of m . Consequently, strict exogeneity of x GR could be tested through, for example, the following moment condition:
That is, if the last period's values of y influence current x's the strict exogeneity condition would be violated.
An important issue is identification. As in the standard non-linear regression model we require that the matrix of first derivatives of m H with respect to H , evaluated at the observation points, has full column rank (j"1, 2). Then, non-linearities in m or m , or a non-linear mapping from the reduced form variables to the correction terms will identify the model. However, in instances where we do not wish to rely on such an identification scheme we need an exclusion restriction in m for every endogenous variable. If the endogeneity is restricted to the time-invariant component ( "0) no exclusion restrictions are required as, in the spirit of Hausman and Taylor (1981) , the time variation in the exogenous regressors is exploited.
The contribution of our approach is the following. First, it extends many available cross-sectional estimators (see, for example Heckman, 1978; Heckman, 1979; Vella, 1993) by exploiting the panel nature of the data to isolate the form of heterogeneity responsible for the endogeneity/selection bias. Second, while our treatment of the sample selection model is not new (see Ridder, 1990; Nijman and Verbeek, 1992) , we generalize it to a wide range of selection rules. We also extend the panel data dummy endogenous regressor model in Vella and Verbeek (1998) by allowing for other forms of censored endogenous regressors. Finally, our estimator represents first attempt to introduce dynamics into panel data models involving general forms of sample selection and/or censored endogenous regressors. This is particularly important as it exploits the panel nature of the data and enables isolation of the individual effects from state dependence.
Our analysis also indicates how the estimation procedures proposed by Wooldridge (1995) for the sample selection model, can be applied to more general specifications. For example, one can estimate the primary equation while allowing for fixed individual effects. This relaxes Eq. (6) to
for some G which may be a function of
, as for tobit-type sample selection rules, the resulting two-step estimator is essentially the same as that in Wooldridge (1995) . Wooldridge also considers assumptions of the form
As the conditioning set in Eq. (17) is smaller than in Eq. (16), u GR is no longer strictly exogenous in the second step and using a fixed effects or GLS estimator is generally inconsistent (for fixed ¹). Thus a correlated random effects approach (see Chamberlain, 1980 ) is required where the second step would include all
The reduced form is estimated cross-section by cross-section. Clearly, this does not allow for dynamics in the reduced form specification.
exogenous variables from all periods as additional regressors. While Wooldridge restricts attention to sample selection models with tobit-or probit-type censoring, the approach would be more generally valid. For general h functions, E+u GR " X G , z GR , is the cross-sectional generalized residual from the reduced form model, which can be included as additional regressor. Note that the assumption in Eq. (17) excludes cases where attention is restricted to a balanced sub-panel of the original data (the conditioning set is larger than z GR ), and when lagged dependent variables appear in the reduced form. Arellano et al. (1997) also discuss estimation of panel data models which allow for lagged latent dependent variables in both equations, though only in a linear additive way. They derive orthogonality conditions, based on first-differencing the primary equation, that can be exploited in estimation provided there exist subsets of the data for which the latent variables are observed. Obviously, this seriously restricts the form of the censoring function h, and the functions m and m .
Conditional maximum-likelihood estimation
We now consider where the dependent variable in the primary equation is censored while the endogenous explanatory variable is fully observed. The model has the following general form:
where h is a function mapping the latent yH GR into the observed y GR . The assumptions on the unobservables are stronger than before and given by
which implies Eq. (6) with " ET / E and "¹( I?
OyH GR the model's parameters cannot be estimated by exploiting the conditional expectations of the random components only and the conditional moment approach is not applicable. However, as the endogenous explanator is fully observed the conditional distribution of the error terms in Eq. (18) given z G is still normal and the error components structure is preserved. Thus we can estimate the model in Eqs. (18) and (20) conditional on the estimated parameters from Eq. (19) using the random effects likelihood function, after making appropriate adjustments for the mean and noting that the variances now reflect the conditional variances.
Write the joint density of y 
is maximized with respect to . The conditional distribution of y G given z G is multivariate normal with an error components structure. The conditional expectation can be derived directly from Eq. (6), substituting
), while the covariance structure corresponds to that of G # GR , where G and GR are zero mean normal variables with zero covariance and variances :
These follow from straightforward matrix manipulations and show that the error components structure is preserved and the conditional likelihood function of Eqs. (18) and (20) has the same form as the marginal likelihood function without endogenous explanatory variables. The asymptotic variance of the conditional ML estimator, and the efficiency loss compared to the LIML estimator, is provided in Appendix A. The conditional maximum likelihood estimator can be easily extended to account for multiple endogenous variables. For two endogenous regressors, for example, this implies the imposition of Eq. (13) , and the estimated covariances from the mean function, using the equalities in Eqs. (25) and (26). provided they are characterized by an error components structure it can be shown that the conditional distribution of G # GR also has an error components structure. Time-specific heteroskedasticity in GR does not affect the conditional expectations and can be incorporated by having vary over time. The model can also be estimated, along the lines suggested above, over subsets of the data chosen on the basis of z GR . In general the conditional maximum-likelihood estimator cannot be employed when z GR OzH GR . Thus the family of sample selection models considered in the conditional moment section cannot be estimated by conditional maximum likelihood. One exception is when the primary equation is estimated over the subsample of individuals that have z GQ "zH GQ , for all s"1, 2 ,¹. This follows from the result that the error components structure is preserved when the reduced form dependent variables are observed.
Once again it is important to consider identification. In these models there is no non-linearity induced in the correction terms, but the non-linearity of m or m will identify the model. In the linear case, or if one does not want to rely on non-linearities for identification, exclusion restrictions are required. More explicitly, for each endogenous explanatory variable we need one exclusion restriction in the primary equation, unless, as before, the endogeneity can be restricted to be related to the time-invariant components only ( ET "0). This conditional maximum-likelihood approach generalizes the cross-sectional estimators of Smith and Blundell (1986) and Rivers and Vuong (1988) to panel data. As in the previous section the use of panel data allows the separation of the error into two components and the incorporation of dynamics in the reduced form. By excluding dynamics and assuming that there is a single-error component one obtains the models considered by Smith and Blundell (1986) and Rivers and Vuong (1988) as special cases.
Empirical example
We now provide an empirical example estimating the impact of weekly hours worked on the offered hourly wage rate while accounting for the endogeneity of hours. This issue has attracted attention in the labor economics literature (see, for example, Moffitt, 1984; and Biddle and Zarkin, 1989) . The model has the form
hoursH
A similar argument is exploited in Arellano et al. (1997) .
hours
where w GR represents the log of the hourly wage of individual i in time period t; x GR and x GR are variables representing individual characteristics; x GR are characteristics of the individual's work place; hoursH GR and hours GR represent desired and observed number of hours worked, respectively; m denotes a polynomial of known length with unknown coefficients , while "( , , ) and "( , ) are parameters to be estimated. The assumptions on the unobservables are given in Eqs. (5) and (6) above. This example highlights several aspects of our approach. First, as the wage equation is estimated over the sub-sample reporting positive hours it illustrates our ability to control for selection bias. Second, the inclusion of the correction terms enables the identification of the form of the endogeneity while their inclusion also corrects for the endogeneity of experience via past labor supply. Finally, the inclusion of a lagged dependent variable in the reduced form isolates the role of dynamics and state dependence.
Note that the model is not easily estimated by existing procedures. First, as the wage equation is only estimated over those reporting positive hours it is not possible to use instrumental variables. Second, as the reduced form includes a role for dynamics it is not appropriate to employ cross-sectional procedures nor apply panel data estimators which ignore the presence of state dependence. Third, as the primary equation is non-linear in hours, the approach of Arellano et al. (1997) cannot be employed. Fourth, even with stronger distributional assumptions (as given in Eq. (22)), non-linearities due to both the sample selection problem and the non-linear appearance of hours in the wage equation, substantially complicate analytical expressions for the joint likelihood function (see Davidson and Mackinnon, 1993 , Section 18.7). As two-dimensional numerical integrals are involved, maximum likelihood does not appear to be a viable approach. Moreover, the number of parameters in our most general specification equals 79, so that the risk of computational problems will be high for any one-step procedure.
To estimate the model we employ data for young females from the National Longitudinal Survey (Youth Sample) for the period 1980-1987. For the period examined there were 2300 observations for each of the eight years. From these 18,400 total observations there were 12,039 observations reporting positive hours of work in a given period. The summary statistics are reported in Table 1 .
Only 481 women report positive hours of work over all eight years. [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] ; averages and standard deviations in columns 1 and 2 are for the subsample of observations with positive hours only (12,039 cases).
We estimate three variants of the random effects tobit model in Eq. (28). To highlight the differences which may arise from misspecifying the dynamics we estimate the model with and without the lagged dependent variable. Given the presence of the individual effects G it is unlikely that one can validly assume that hours worked in the first period are truly exogenous. Therefore, the dynamic model is estimated either treating initial hours worked as exogenous, which ignores the initial conditions problem, or modelling the initial value in the spirit of Heckman (1981) . For this last approach, we approximated the reduced form for hours GM by a tobit function using all pre-sample information on the exogenous variables. The results of all three specifications are presented in Table 2 . Column 1 represents the specification without the lagged dependent variable while Columns 2 and 3 include it. The specification does not include any work-related variables as these characteristics are not recorded for the non-participants and their inclusion, while assigning values of zero for the non-participants, would produce a spurious statistical relationship between these characteristics and hours of work. Several points are worth noting. First, the parameter estimates in all columns are generally in keeping with expectations and most variables have a statistically significant impact on hours worked. Second, the impact of lagged hours of work, in Columns 2 and 3, is highly significant and indicates the presence of 'state' dependence. The inclusion of this variable has a relatively small impact on the coefficients of the other variables although it generally reduces their magnitude. This is expected as their effect now partially operates through lagged hours. Third, the coefficients on the time dummies indicate an increasing trend in hours worked over the period examined in both specifications. Comparing the columns with the exogenous [A] and endogenous [B] treatment of the initial value, we see that exogeneity of initial hours of work is strongly rejected. The parameter measures to what extent the individual-specific heterogeneity enters the initial equation's error, given by G #v G , and does not differ significantly from unity. We found no statistical evidence that varies with age. Despite the rejection of exogeneity, the estimates of the tobit coefficients do not appear to be very sensitive with respect to the treatment of the initial condition. A final point is related to the contribution of the error components to the total variance. The model which omits a lagged dependent variable attributes approximately 39% of the total variance to the individual effects. The specifications in columns 2 and 3, where the contribution of the individual effects reduces to approximately 13 percent, indicate that this may be due to the failure to account for dynamics.
We noted above that many of the assumptions of the model are testable. The first we consider is normality of the two error components. We test this via Lagrange Multiplier tests using a parameterization suggested by Ruud (1984) . Unfortunately, these tests reject normality of both the individual specific component and the idiosyncratic component for each of the specifications. This is More details of treatment of the initial value are provided in Appendix B. The estimation results for the initial period are not presented here.
A likelihood ratio test against the alternative that is a linear function of age produced a test statistic of 0.02.
The LM test statistics ( ) for testing normality of G and GR in Column 3 are 119.52 and 535.28, respectively. For Column 2 they are 244.64 and 436.60, while the corresponding values for the Column 1 specification are 297.6 and 814.5. not surprising given the large number of observations. However, as this example is primarily illustrative we continue despite this rejection.
Before focusing on the primary equation consider our exclusion restrictions. First, given the form of the correction terms we are unable to estimate the model unless we exclude at least one variable from the wage equation which appears in the hours equation. The variables we employ are the health measure and lagged hours. Health is excluded on the basis that while health will influence one's ability to seek employment it is increasingly difficult for employers to offer different wage levels on the basis of an individual's health. The lagged hours variable is excluded on the basis that we believe that the variable has no direct effect but rather operates through its impact on current hours. As this implies that the model is overidentified, we can test this latter restriction.
We estimate the wage equation for the subsample of working women, specifying m as a fourth order polynomial. The order of the polynomial is guided by the results of Newey et al. (1998) which provides a semi-parametric estimate of the wage/hours profile. Using this result as a starting point we were unable to identify a dominating alternative specification. The OLS results reported in Column 1 of Table 3 , without corrections for the potential endogeneity of hours, reveal a significant non-linear relationship between the number of weekly hours worked and the weekly wage rate. The remaining coefficients in this column are reasonable in sign and magnitude although the coefficient reflecting the returns to schooling is rather high. As it is well known that wage inequality increased over this period it is likely that the error terms are heteroskedastic. The estimated standard errors in Table 3 allow for unknown forms of time-related heteroskedasticity.
Column 2 of Table 3 reports the results from estimating the wage equation while correcting for the endogeneity of hours and sample selection through the inclusion of correction terms based upon the static hours model. The results in Columns 3 and 4 incorporate a role for dynamics in the reduced form hours equation, treating the initial value as exogeneous or endogeneous, respectively. The inclusion of the correction terms simultaneously accounts for the endogeneity of the participation decision and hours worked. As the decision to not participate corresponds to a zero value for hours GR , the inclusion of the correction terms also account for the selection bias from estimating over the subsample of workers.
A number of features are worth noting from a comparison of the unadjusted estimates, in Column 1, to those from our preferred specification in Column 4. Both correction terms are statistically significant indicating that the two forms
We refer to the specification in Column 4 as preferred in spite of the evidence of non-normality in the reduced form. We choose this specification on the basis of the statistically significant role of lagged hours and the strong rejection of exogeneity of the initial value. Note: All specifications also include regional, industry and time dummies.
of endogeneity/selectivity are present. The positive coefficient on the individual effect indicates that the time-invariant unobserved individual effects which increase the number of hours worked also increase the wage level. In constrast, the time varying effects generating the simultaneity of wages to hours appears to increase hours and decrease wages. Note, however, that as the reduced form is estimated by tobit it is possible that the unobserved effects are affecting the probability of participation in addition to the number of hours worked. The inclusion of the correction terms induces a number of changes in the results. First, the time effects, which are not reported, appear to be much stronger in this adjusted equation in comparison to the unadjusted equation. However, this increased time effect is partially due to the reduced experience effects. Second, the inclusion of the correction terms substantially reduces the impact of schooling from almost 10% to a more reasonable 7.6%. Finally, the hours/ wage profile appears to have noticeably changed from that implied in the Column 1. For our preferred specification in column 4 we tested the assumption in Eq. (6) against several alternatives. In particular, we tested whether and were time-invariant. Both tests resulting in a marginal rejection without noticeable changes in the estimated coefficients of the model. Further, we tested Eq. (6) against a restricted version of Eq. (12) which specifies
The Wald test statistic for the hypothesis "2" 2 resulted in a value of 60.52, which is highly significant for a distribution with seven degrees of freedom. Despite this rejection, the estimated coefficients were only marginally different from those for our preferred specification in column 4 of Table 3 and we choose not to report them.
Human capital accumulation suggests that lagged hours of work positively affect current wages. As our model conditions upon the entire vector of labor supply, this hypothesis can be directly tested by our two-step procedure by including lagged hours as additional explanatory variables in columns 1 to 4. This resulted in t-ratios of 15.3, 11.2, !0.18 and !3.16, respectively. These results indicate that ignoring the endogeneity of hours or incorrectly imposing a static hours equation, lead to a spurious finding of a statistically significant human capital accumulation effect. Apparently, the effect of lagged hours upon current wages operates through its effect on current hours. This provides support for our exclusion restriction.
Our approach assumes strict exogeneity of the explanatory variables. For time-varying variables this can be tested by including values of the particular exogeneous variable from other time periods in the mean function, and testing for a zero coefficient. This is restricted to time-varying variables as those which are time invariant are imposed to be uncorrelated with the error components in estimation. For the current application union status is a natural candidate of a time-varying regressor which may violate the strict exogeneity assumption.
The estimated coefficients for the hours variables in this specification were !4. 339, 30.282,!58.870, 33.831 , respectively, implying a very similar wage-hours profile.
The estimated coefficients ranged from !0.004 to 0.006 indicating that the lagged hours effect was small.
We tested its strict exogeneity by including next period's union status in the wage equation. The coefficient on this lead value of the variable had a t-statistic of 7.29 leading one to reject that union status is strictly exogenous. Another candidate is the schooling variable but as this is time invariant in our sample we cannot test its exogeneity. Recall that we allow experience to be endogenous through lagged hours and that age and age-squared are included in the reduced form.
It is also useful to contrast our preferred estimates to those in Column 2 to highlight the effect of including a lagged dependent variable in the reduced form. First, the failure to account for dynamics in Column 2 has led to the inclusion of the incorrect correction terms. This has resulted in an incorrect inference regarding the presence of individual effects. Second, the inclusion of dynamics in the reduced form has resulted in more precise estimates for a number of the regressors. Third, while the estimates across the two columns are generally similar the coefficient capturing the returns to schooling is quite different. This coefficient is expected to be affected by the treatment of the individual effects as it is likely to be sensitive to unobserved ability. Also note that the estimate of this coefficient, in our preferred specification, is notably more precise than its counterpart in Column 2. Finally, despite the differences across Columns 2 and 4 the coefficients on the hours variables appear to be similar.
To examine the effect of weekly hours worked on the wage rate we employ the wage equation estimates to plot the implied relationships. We do this by plotting the hours effect, relative to the sample average of 34 h per week in 1987, against hours worked. The four plots corresponding to the results from columns 1-4 are shown in Fig. 1 . Several important points are worth noting. First, all of the profiles indicate that the hourly wage rate is responsive to changes in the hours of weekly work. For each of the profiles the wage rate appears to either initially slightly increase or slightly decrease before showing a notable increase in the range of around 15 to approximately 42 to 45 h. The point at which the wage rate stops increasing depends on the specification. After wages peak they tend to show a dramatic decrease. Note, however, that the profile at higher hours is dominated by relatively few observations. Second, for the values of hours at which the majority of the observations are located, the unadjusted figure clearly reveals less response in wages to changes in hours worked. This suggests that the impact of endogeneity is reducing the estimated hours effect on wages. Third, the adjusted profiles peak to the right of that for the unadjusted equation. While the unadjusted results suggest that hours peak in the 35-40 range the adjusted The hours distribution in the sample of workers is as follows: 0-10 h (4.4%); 10-20 h (10.7%); 20-30 h (15.0%); 30-40 h (49.9%); 40-50 h (15.6%); 50#h (4.4%). results indicate that the overtime effects are stronger and lead to wages peaking at approximately 42 h per week, for the dynamic specifications, and at approximately 45 h for the static model. Fig. 1 reveals that the profiles for the two dynamic specifications are located between the OLS and adjusted static model. This highlights the importance of incorporating dynamics. In the absence of the lagged dependent variable we are assigning too much importance to the error components. This results in overadjusting for endogeneity. Finally, consider the implied increase in wages over the interval revealed by our preferred specification to feature an increasing effect of hours. Over the hours interval 10-41, comprising 82% of the data, the unadjusted estimates imply a wage increase of 34%. The corresponding increase implied by our preferred specification is 43%, while correcting with a static labor supply equation produces a number of almost 65%.
Ideally we would estimate the model by maximum likelihood to explore the efficiency loss that occurs in this particular example by employing our two step approach. Unfortunately, the complicated form of the likelihood function made such a comparison impractical. While this failure to make efficiency comparisons is disappointing it highlights a major attraction of our approach, namely the ability to estimate models which would otherwise not be estimable. We also considered other methods of obtaining asymptotically efficient standard errors in order to make comparisons. However, due to the complicated nature of the model we were unable to do so. The one piece of information we are able to provide is how much the standard errors increased in the second step by having to estimate the parameters in the first step. We found that, depending on the specification employed, the standard errors increased by up to 10%.
Concluding remarks
This paper presents a two-step approach to estimating panel data models with censored endogenous variables and sample selection. In contrast to maximum likelihood estimation our procedure is computationally simple because only one-dimensional numerical integration is required, while a closedform solution for the second step estimator is available. The cost is a loss of efficiency, which partially depends upon the magnitude of the covariances responsible for the endogeneity/selectivity. Our approach can handle a large variety of models. In particular it allows for truncation, censoring and sample selection. In addition, it is straightforward to extend the current framework to switching regressions models with endogenous switching and observed regimes. Moreover, the two-step method identifies an additional number of parameters that may have economic appeal, including two potential sources of endogeneity/selectivity and state dependence. Direct test for endogeneity/selectivity are also provided.
given by
where eL G is the ¹-dimensional vector of residuals. Finally, if conditioning upon z G implies that certain observations are excluded from the second stage estimation, the dimensions of all vectors and matrices should be adjusted to include only those observations used in estimation. Now consider conditional maximum likelihood estimation. Let K denote the (marginal) ML estimator for with asymptotic covariance matrix » and K the conditional ML estimator obtained from maximizing Eq. (24). Let f denote the conditional density of y G given z G . Define
Then, it is easily verified from Taylor expansions that
Using the result that the two terms in square brackets are asymptotically independent (see Pierce, 1982; Parke, 1986) it follows that the conditional ML estimator is asymptotically normal with covariance matrix:
F\ is estimated by standard ML programs. In two cases K attains the Crame´r-Rao lower bound. The first corresponds to the null hypothesis of exogeneity ( I?
" ET "0) and is characterized by F "0. The second case is given by
Note that J summarizes all information on contained in the conditional distribution f . We refer to J"0 as the exactly identified case (see Rivers and Vuong, 1988 , for an example). In general, the efficiency loss due to the two-step nature is given by
Appendix B. Treatment of initial conditions
As the hours process for different individuals may have different starting dates, and as some of the explanatory variables are likely to be non-stationary, it is not tractable to derive an exact and estimable form of the marginal distribution of hours G consistent with the conditional model in Eq. (28) (see Heckman, 1981) . Our first approach ignores this problem and assumes that the initial value hours G can be treated as exogenous, i.e. independent of all error components in the model (including the unobserved heterogeneity ( G ) in the hours process for t"1 onwards). In this case, all inferences are conditional upon hours G , the marginal distribution of which is not needed for consistency. In our second approach we approximate the distribution of hours G by a reduced form tobit using presample (1979) information. With different starting dates, as indicated by different levels of age or experience, it can be expected that the tobit parameters are heterogeneous with respect to these two variables. Similarly, the error terms are likely to exhibit heteroskedasticity. The specification of this reduced form is determined, and empirically tested, independently of the rest of the model.
Starting from a linear additive specification with the explanatory variables from Table 2 , we experimented with interaction terms and heteroskedasticity. We arrived at a specification for initial hours that included, besides the exogenous variables from Table 2 , age-cubed and age interacted with years schooling and the two racial dummies. For this specification there was no statistical evidence of omitted interaction terms or heteroskedasticity related to age. Normality, however, was rejected. This is similar to the finding for the other periods. In the next step, this specification for the initial period was estimated jointly with the dynamic model for the other periods. This requires one to specify how the error terms are related. We chose to allow for different error variances for this initial period. In particular, we modelled the initial error as G #v G , where v G is i.i.d. normal with unrestricted variance and is an unknown parameter.
